genes or pathways between two or more conditions. More recently, single-cell 13 marine chordate. We recover many of the known expression patterns directly 26 from our single-cell RNA-seq data and despite extensive previous screens, we 27 succeed in finding new cell-specific patterns and genes, which we validate by 28 in situ and single-cell qPCR. 29
6
we take a more direct approach, which does not require parameter estimation, but 107 nevertheless ranks genes by how well the two classes (ON and OFF) separate. One 108 approach to calculating cluster separation is to rank genes by the difference between the 109 lowest expressing cell in the ON cluster and the highest expressing cell in the OFF 110
cluster, but this approach is sensitive to outliers. Since we have transformed values, the 111 s, we could rank according to the difference in the mean between each cluster, but an 112 important objective in differential expression analysis is not only to downrank 113 ubiquitous or low expression, but also differences associated with higher variability. For 114 these reasons, we calculate our cluster reliability score as the difference between the 115 first quartile of the ON cluster and the third quartile of the OFF cluster, which we call the 116
Transquartile Range (TQR). The TQR is larger when the difference in cluster means is 117 larger, but it penalizes higher variation for a given difference in means. Further, the p-118 value in general is strongly affected by sample size (in this case, the number of cells 119 being compared), whereas the TQR is relatively robust to outliers and different sample 120 sizes, making it a suitable choice for comparisons across different patterns without 121 requiring parameter estimation. 122
123

Discovery of cell-specific gene expression patterns 124
The dataset we generated consists of single-cell RNA-seq measurements from all 125 eight cells of the right half of four embryos from different individuals fertilized on 126 different days (Supplementary Table 2 ). We applied our method to this dataset to search 127 comprehensively for cell-specific gene expression patterns. We selected the 40 most 128 reliable cell-specific genes, and found these generated 12 distinct patterns ( Figure 2 and 129 Figure 4a ), which include nine of the ten currently known patterns 23, [32] [33] [34] [35] [36] [37] , and 25 genes7 with known in situ patterns. The missing pattern is for a single exemplar gene, 131 AP-2-like2, which does not show consistent expression across embryos in one of the 132 cells, A5.2 23, 35 . Our result is in agreement with the average over many embryos as 133 measured by microarray 23 . Thus, our approach demonstrates the power of single-cell 134 RNA-seq surveys for finding developmentally relevant genes without extensive in situ 135 screens, an approach which offers great potential for studying organisms that do not 136 have the same experimental heritage as Ciona. 137
Out of the 12 patterns we found, the pattern with the most genes was for specific 138 expression in the B5.2 cell type, which is also the most frequent pattern in known in situ 139 patterns (i.e. postplasmic/PEM RNAs 38 ). The majority of our results for B5.2 are 140 confirmed by previous in situ datasets. Despite extensive previous screens, we identified 141 new B5.2-specific genes, such as KH.C13.98 and KH.C12.212, confirming their 142 expression by in situ and single-cell qPCR (Figure 3a) . We also looked at further B5.2-143 specific genes outside of the top 40 and found and validated additional genes, such as 144 KH.C8.450 and KH.L60.2, thus demonstrating the value of single-cell RNA-seq for finding 145 developmentally important genes. 146
Knowing the full range of patterns is important for understanding the progressive 147 specification of cell fate in the early embryo. From our study, we found three potentially 148 new patterns, highlighted in red in Figure 4a , one of which was validated by in situ and 149 single-cell qPCR, namely KH.L152.12 ( Figure 3e ). We also validated further 150 uncharacterized genes, namely KH.S1497.1, which expresses specifically in the animal 151 hemisphere, and KH.C11.529 on the anterior side (Figure 3c-d) . 152
In addition, we looked more widely in the top 60 results (Supplementary Figure 1) Figure 3a) . 162
Further, when the results are ranked according to how well the ON or OFF expression 163 clusters separate (see Methods), all the top 34 results match known in situ patterns, 164 with the exception of KH.L152.12. However, as described above, we tested this gene by 165 in situ hybridization and single-cell qPCR, validating our RNA-seq measurement ( Figure  166 3e), which is in agreement with results from gene expression microarrays 23 . 167
In the lower ranked results (Supplementary Figure 3b) this approach finds more spurious patterns and fewer known patterns (i.e. seven known 228 patterns compared to nine from our method). 229
As described above, the first step of our method is to find clusters for each gene. 230
However, using these clusters as predefined comparisons does not significantly reduce 231 the number to be tested by a standard differential expression method. In our data, there 232 are 242 clusters out of a maximum possible 254 when considering both directions 233 (increase and decrease in expression). However, the reduced list from our method (e.g. given by our method, the number of unknown patterns is further reduced and an extra 240 known pattern is found ( Figure 4b , row iii), thus demonstrating the value of using the 241 patterns from our method as a guide. 242
In summary, there are more known patterns in the top results of our method than 243 from an exhaustive application of DESeq2 (nine patterns compared to seven), showing 244 that our method performs well in terms of sensitivity. Also, considering the well-known 245 class of B5.2-specific genes, we find more in our top 40 results than DESeq2: 17 246 compared to 7 in DESeq2's top 40 results. In both cases, these results largely comprise 247 known B5.2-specific genes, with others validated as above ( Table 2 insemination batch were kept to check the ratio that developed into morphologically 448 normal tailbud. We only used embryos from batches where more than 70% developed 449 normally to tailbud (10 hours post fertilization at 18 degrees) (see Supplementary Table  450 2 for embryo batch information). Supplementary Figures 1 and  510 2). 511
The resulting reads were aligned using Bowtie 45 version 2.2.6 to the Ciona KH 512 genome assembly 46,47 , downloaded from Ghost 513 (http://ghost.zool.kyoto-u.ac.jp/download_kh.html). Reads were mapped using local 514 alignment (--local), with other settings at their default. We did not trim or filter reads, 515 but instead made use of local alignment to find the optimal match. This had the 516 additional benefit that we did not need to split up reads to handle transcripts spanning 517 more than one intron, as is done, for example, in TopHat 48 . Gene counts were calculated 518 from the resulting alignment files using htseq-count 49 with the non-stranded option and 519 mode "intersection-nonempty" against the KH gene models (version 2013) downloaded 520 from Ghost. 521
We assessed our samples for mapping quality. We excluded one embryo from 522 subsequent analysis since it had oligo-dT primer sequence in more than 50% of its read 523 pairs; the remaining four embryos had less than 1% of read pairs affected. All remaining 524 samples mapped well to the genome (Supplementary Table 3 ) and a uniform number of 525 genes were detected (about 60%), although embryo 1 had noticeably fewer detected 526 genes for some of its cells. 527 528
Assessment of expression data variability and reproducibility 529
Our results show limited technical variation within each batch: the expression 530 levels in different cell types from the same embryo are well correlated (mostly above 0.8 531 for embryos 2, 3 and 4). They are, in fact, more similar to each other than the same cell 532 types are across different individuals (Figure 1a-b) . Although we cannot separate out 533 the sources of cross-embryo variation, this result is consistent with a previous report 534
showing that maternal mRNA levels vary significantly between unfertilized eggs from 535 different individuals 23 . It is also worth noting that very little of the variation between 536 embryos is from the sequencing run. This can be seen by comparing our sequence 537 results from MiSeq with HiSeq-the correlation between unnormalized counts from the 538 two platforms is over 99% for every cell type, whether zero counts are included or 539 excluded. This is consistent with previous results showing high correlation between 540 expression measurements from tens of millions of reads per cell and those from lower 541 coverage of a million or fewer reads 5, 7 . 542
This embryo batch effect is further demonstrated by a Principal Components 543
Analysis (Figure 1b) , which shows a similar result with the cell types of embryos 2, 3 544 and 4 being close to each on the first two components (which explain 56% of the 545 variance) and the cell types of embryo 1 being more spread out 546
The close clustering of cells from the same embryo, as well as their high 547 correlation, suggests that our experimental measurements are reliable and reproducible 548 within each batch (or embryo). A confirmation of the reproducibility of our results is the 549 tight distribution of genes detected across samples within embryos (Figure 1c-d) . Genes 550 were considered detected when the measured count was greater than zero. These 551 results show that slightly more genes were detected on HiSeq than MiSeq, but that the 552 median difference for each embryo is less than 10%. This is comparable with a previous 553 result showing a reduction of genes detected of around 39% when lowering sequence 554 coverage to less than a million reads per cell 5 . As before, embryo 1 showed more 555 variability across samples than the other embryos. 556
We also made use of ERCC spike-in controls 50,51 to assess the quality of our library 557 preparation, including the steps of reverse transcription and PCR amplification by 558 comparing the measured counts with known spiked-in mRNA concentrations. We added 559 the spike-in at a low concentration (1:80,000 dilution), and yet found good agreement 560 between the known spike-in concentrations and expression measurements. To assessthe square root of the known spike-in concentrations. The resulting R 2 value was greater 563 than 85% for every cell in embryos 2, 3 and 4 (Figure 1e ). The poorer fit for the spike-564 ins of embryo 1 also reveals that the somewhat anomalous expression measurements of 565 embryo 1 likely result from the library preparation step, particularly since PCR 566 amplification produced less RNA from most cells of this embryo compared to other 567 embryos. 568
A further validation of our data is a comparison of our results with previously 569 published data for the 16-cell stage that was generated using gene expression 570 microarrays 23 . We found good agreement with the key genes analyzed in the associated 571 paper (Supplementary Figure 4) . was insufficient target mRNA, it was first amplified using primers covering a wider 588 region of the target gene than those used for single-cell qPCR. Amplification of a specific 589 product in each reaction was confirmed by determining a dissociation curve. The 590 primers for single-cell qPCR analysis are listed in Supplementary Table 4 . 591 592
In situ hybridization 593
Whole-mount in situ hybridization was carried out as previously described with 594 minor modification 52 . Dig-labeled antisense RNA probes were synthesized in vitro from 595 cDNAs from the Ciona cDNA project 53 . The IDs for the cDNA clones are shown in 596 Supplementary Table 5 . 597 598
Microarray processing 599
Previously published microarray data 23 was processed with the limma R package 54 . 600
Background was corrected using normexp and arrays were normalized with the quantile 601 method. 602
Differential expression analysis 609
The DESeq2 package from R was used for differential expression analysis. 
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